Abstract: Today, eye trackers are extensively used in studying human cognition. However, it is hard to analyze and interpret eye movement data from the cognitive comprehension perspective of poster reading. To find quantitative links between eye movements and cognitive comprehension, we tracked observers' eye movement for reading scientific poster publications. We model in this paper eye tracking fixation sequences between content-dependent Areas of Interests (AOIs) as a Markov chain. Furthermore, we use the fact that a Markov chain is a special case of information or communication channel. Then, the gaze transition can be modeled as a discrete information channel, the gaze information channel. Next, some traditional eye tracking metrics, together with the gaze entropy and mutual information of the gaze information channel are calculated to quantify cognitive comprehension for every participant. The analysis of the results demonstrate that the gaze entropy and mutual information from individual gaze information channel are related to participants' individual differences. This is the first study that eye tracking technology has been used to assess the cognitive comprehension of poster reading. The present work provides insights into human cognitive comprehension by using the novel gaze information channel methodology.
Introduction
As we all know, the eye is an important organ of the human being. It is often said that the eyes are the window of the soul, reflecting the thoughts of us human beings, and revealing the way in which the participants observe the scene. With more and more researchers using eye tracking technology as a research tool, eye tracking is a promising method in academic and industrial research. It has the potential to provide insights into a lots of issues in the visual and cognitive fields: education [1] [2] [3] , medicine [4] [5] [6] [7] , assistive technology for people with a variety of debilitating conditions [8] [9] [10] , better interface design [11] [12] [13] , marketing and media [14] [15] [16] . Furthermore, as an important psychological experiment research method, eye movement provides a new perspective and way for educational technology research [17] [18] [19] . Actually, eye tracking has always been an important human-computer interaction method for making decisions [20] [21] [22] .
Importantly, research based on the idea of using eye tracking as an instructional tool is still in its infancy. There is an urgent need to quantitatively compare eye movement metrics [23] . Several eye tracking metrics have been developed. The first are scanpaths, represented by an ordered sequence of fixations, for which vector and string-based editing methods have been developed to compute similarity [24] [25] [26] [27] . The second are heatmaps, represented by Gaussian Mixture Models (GMMs) indicating the frequency (or probability) of fixation location [28, 29] . A third type of sequential fixation pattern analysis is the transition matrix, which is rarely used as a quantitative measure [30] -see also the recent survey by Shiferaw et al. [31] . In this paper, we model eye tracking fixation sequences of Areas of Interests (AOIs) as a Markov chain. Furthermore, we model the gaze transition as a gaze information channel, introduced in [32] . We extend here the gaze information channel in [32] with a more complete description and interpretation of the metrics of the channel, and by showing how it is well adapted for clustering, allowing thus to analyze collective behavior. We also notice the importance of normalization of mutual information that was not considered in [32] , when comparing different channels' data.
While efforts are made to teach the elements of writing a scientific article in many graduate school curricula, much less attention is paid to teaching those skills necessary to read scientific posters, even though these arguably are the most common and most rapid ways to disseminate new findings. Especially for graduate students who are committed to scientific research, reading related research papers is an extremely important skill, and it is also a reflection of research ability. Actually, posters provide a coherent and efficient way to convey core ideas expressed in scientific papers, as described in [33] . Thus, how to quickly grasp the core idea of a scientific paper is also an essential ability for them. Furthermore, poster as a form of academic expression represents a concise and visual summary of one's research. Its purpose is to be accessible and to drive attention to the research, and get the main point of the research across to as many people as possible through a concise and artistically attractive manner [34] [35] [36] . In other words, poster is one style of the most vivid and short scientific papers, which can best reflect a reader's scientific reading skills and thinking process. Qiang et al. [33] used probabilistic graphical models to learn scientific poster design patterns, from existing posters, and they proposed an algorithm that considered both information conveyed and aesthetics to generate the poster layout. They used subjective evaluation of readability, informativeness and aesthetics to compare different designs of a poster. However, there is to our knowledge no study that has investigated by using eye tracking the cognitive comprehension of poster reading. Is it possible to use eye tracking data to quantify cognitive comprehension during reading poster from participants? This article reports on our efforts to answer this question.
Ten participants' eye movement data of reading published posters were recorded individually using an eye tracker under controlled laboratory conditions. The tested posters are divided into content-dependent Area of Interests (AOIs), following the sections of a poster defined by the authors, as shown in Figure 1 . The gaze information channel was used to analyze and interpret the eye tracking data. Some traditional eye tracking metrics, together with the gaze entropy and mutual information, are calculated to quantify cognitive comprehension of poster reading for every participant. 
Background
Ponsoda et al. [37] introduced probability vectors and transition matrices by classifying the directions of saccade. Interestingly, their matrices were based on transition between the eight main saccade directions rather than between the Areas of Interests (AOIs), which are now more commonly used. Although Ponsoda et al. compared the matrices with a statistical method, they did not model the sequence of saccade directions as a Markov chain.
Ellis and Stark [38] compared the airline pilot transition matrices by dividing cockpit display traffic information (CDTI) into eight AOIs. They introduced first-order (fixation) transition matrices and converted them to conditional probability matrices. Then, conditional entropy was calculated using the conditional probability, or transition, matrices. Its value provided a measure of the statistical dependency in the spatial pattern of fixations represented by the transition matrix.
Liechty et al. [39] used Hidden Markov Models (HMMs) to distinguish between local and global visual attention states in eye movement data. Instead of applying the transition matrix Markov model as we do in this paper, they used HMMs to distinguish between fixations, similar to Velichkovsky et al. [40] , who proposed classifying attention as ambient or focal.
Hwang et al. [41] did not construct a transition matrix between AOIs or in a grid, but considered position translation within a generated saliency map for a given scene, and introduced transitional semantic guidance calculations to evaluate gaze transition. This method can be seen as a hybrid between the transformation matrix construction and the scan path comparison where the transition matrices were replaced by semantic maps. Because the saliency maps generated by each scene may be different, one drawback of this approach is the comparison between scenes. This problem can be solved by building content-independent transition matrices.
Bonev et al. [42] built a Markov chain between the nodes of a regular grid matrix, the elements of the matrix being the normalized mutual information defined by the covariances of the Gaussian distribution of the attributes of the image. They obtained the equilibrium distribution of this Markov chain and defined the entropy of this equilibrium distribution as the complexity of the image. Thus, this complexity measure was defined independently of any observational task, only depending on grid and Gaussian distribution of attributes of the image. Then, Bonev et al. studied the correlation of this complexity with the sequences of long and short saccades. In our case, Markov chain transition probabilities matrix is defined from the observation trajectories, and thus it depends on the task.
Besag and Mondal [43] verified the feasibility of modeling gaze transition as a first-order Markov process. According to modeling eye movement transitions between areas of interest (AOIs) as a Markov chain, Krejtz et al. [44, 45] calculated stationary entropy H s and transition entropy H t to measure the complexity of the Markov process. Raptis et al. [46] divided the images into three AOIs and used the gaze transition entropy proposed by Krejtz et al. [44] as a tool to quantify differences on visual search patterns among individuals within visual pattern recognition tasks of varying complexity.
Information Measures and Information Channel
In this section, we briefly introduce the most basic information measures of information theory and main elements of the information channel [47] . Since its inception by Shannon [48] , information theoretic measures and concepts, which include as one of the main tools the information or communication channel, have been successfully used in many fields. For their application in visualization, image processing, and pattern recognition, see [49, 50] .
Basic Information-Theoretic Measures
Let X be a discrete random variable with alphabet X and probability distribution {p(x)}, where p(x) = Pr{X = x}, x ∈ X. In this paper, {p(x)} will be denoted by p(X).
The entropy H(X) of a discrete random variable X is defined by
where the summation is over the corresponding alphabet and the convention 0 log 0 = 0 is taken. In this paper, logarithms are taken in base 2 and, as a consequence, entropy is expressed in bits. The entropy H(X) gives the average uncertainty (or amount of information) of a random variable X. The joint entropy H(X, Y) of a pair of discrete random variables X and Y with a joint probability distribution p(X, Y) = {p(x, y)} is defined by
where p(x, y) = Pr[X = x, Y = y] is the joint probability of x and y. The conditional entropy H(Y|X) of a random variable Y given a random variable X is defined by
where
is the conditional probability of y given x. H(Y|X) measures the average uncertainty associated with Y if we know the outcome of X.
The mutual information I(X; Y) between two random variables X and Y is defined by
Mutual information (MI) represents that knowledge of Y decreases the uncertainty of X, and vice versa. I(X; Y) is a measure of the shared information or dependence between X and Y.
The relationship between Shannon's information measures can be illustrated by a Venn diagram, as shown in Figure 2 The information diagram represents the relationship between Shannon's information measures.
Information Channel
Communication or information channel is a system in which the output depends probabilistically on its input [47, 51] . The conditional entropy and mutual information can be thought of in terms of a communication or information channel X → Y whose output Y depends probabilistically on its input X. This information channel is characterized by a transition probability matrix which determines the conditional distribution of the output given the input [47, 51] . Given that X and Y are two random variables, we can establish an information channel between X and Y. The diagram in Figure 3 shows the main elements of the information channel:
• p(X) and p(Y) represent the probability distributions of input and output variables X and Y, respectively. • Probability transition matrix p(Y|X) composed of conditional probabilities p(y|x), which gives the output distribution p(Y) given the input distribution p(X). Each row of p(Y|X) can be seen as a probability distribution, denoted by p(Y|x).
All of these elements are connected by the Bayes theorem relating marginal probabilities p(X) and p(Y), conditional probabilities p(y|x) and p(x|y), and joint probabilities p(x, y): p(x, y) = p(x)p(y|x) = p(y)p(x|y). 
Method
In this section, we introduce how to set up the gaze information channel.
Gaze Information Channel
Gaze information channel has been proposed in our previous work [32] . A Markov chain is a stochastic model that describes a series of possible events X 1 , X 2 , X 3 , . . ., in which the probability of each event depends only on the state of the previous event, or Markov property. If the state space is finite, the transition probability distribution can be represented by a matrix, called the transition matrix. A time-invariant Markov chain is characterized by its initial state and a probability transition matrix P = [p ij ] [52] . A Markov chain {X i } is fully determined by the initial state X 0 and the transition matrix P = [p ij ], p ij = Pr{X n+1 = j|X n = i} , i, j ∈ {1, 2, . . . , s}, where s is the number of states.
A Markov chain is said to be irreducible if its state space is a single communicating class; in other words, if it is possible to get to any state from any other state. It is aperiodic if all its states are aperiodic, that is, the return to any state is not constrained to a number of steps multiple of any integer >1. An irreducible and aperiodic Markov chain has a positive stationary distribution, the stationary distribution is unique, and from any starting distribution, the distribution of X n tends to the stationary distribution as n → ∞. The stationary distribution can be calculated by Equation (5):
The stationary distribution represents the frequency of visits of each state. In this paper, we divide a tested poster into s content-dependent AOIs. The set of AOIs can be represented as S = {1, 2, . . . , s}, and the gaze switching process can be described as a stochastic process {X t } , t = 1, 2, . . . , n, x 1 , x 2 , . . . , x n ∈ S. In [44] , the Markov property has been tested. Once the stochastic process is modeled as a Markov process, we obtain the transition matrix P = [p ij ] s×s and the stationary or equilibrium probability π.
Similar to the work in [53] in the 3D scene visibility context, and as proposed in [32] to study Van Gogh's painting, we extend the Markov chain model [44] for gaze transitions when reading posters to an information channel, X → Y, where X and Y are discrete random variables with alphabet X = Y = 1, 2, . . . , s, corresponding to the AOIs. In this case, input variables p(X) and output variables p(Y) of gaze information channel represent the same regions with the same probabilities π. The conditional probability p(j|i) in the gaze information channel corresponds to the p ij of transition matrix P in the Markov chain. Contrary to the case in [32] , where the AOIs where arbitrarily fixed for a painting, we consider the AOIs in the posters as being defined by the authors in their poster design, that is, the different sections that are contained in a poster.
The basic elements of the gaze information channel are thus the following ones:
• The conditional probability p(j|i) is given by p ij , which represents the estimated probability of transitioning from i th AOI to any j th AOI given i th AOI as the starting point. Matrix elements p ij are set to the number of transitions from i th source AOI to j th destination AOI for each participant and then the matrix is normalized relative to each source AOI (i.e., per row),
• The marginal probabilities of input X and output Y, p(i) and p(j), are both given by the stationary probability π, π = (π 1 , π 2 , . . . , π s ), giving the frequency of visits of each AOI.
Entropy and Mutual Information in Gaze Information Channel
From the previous definitions and Equations (1)- (4), Shannon's information measures can be defined for the gaze information channel. We first introduce the entropy of the input (and also output), random variables with stationary distribution,
As the equilibrium distribution represents the average number of visits in each AOI, H s indicates the average uncertainty of gaze position between the AOIs. Low H s values of stationary entropy means that the observer prefers some AOIs over the other ones, while high values mean that visual attention is balanced between AOIs.
The conditional entropy of ith row, H(Y|i), is defined as
It gives the uncertainty that the next fixation would be the j th AOI if it were presently in the i th AOI.
The conditional entropy H t of the information channel is the average of row entropies
It represents the average uncertainty of a transition between two areas of interest, or average uncertainty that remains about the destination AOI when the source AOI is known.
The joint entropy H(X, Y) of the information channel is the entropy of the joint distribution of X and Y (9) and gives the total uncertainty of the channel. The mutual information of i th row, I(i; Y), is given by
and represents the degree of correlation between AOI i and all the AOIs. The measures I(i; Y) and H(Y|i) show in general opposite behavior patterns. A high value of H(Y|i) represents a high degree of uncertainty about next area of interest, while a high value of I(i; Y) indicates the next AOI is known with high probability.
The mutual information I(X; Y) is given by
and represents the total correlation, or information shared, between the AOI's.
Experiment and Data Collection

Materials
To set up the test, we selected, with permission of authors, seven image processing research posters as the testing materials. All students participating in the experiment had sufficient knowledge background to understand the tested posters, and confirmed that they had never seen the materials before. The posters AOIs followed the sections defined by the authors of the posters. For the sake of display in this paper, we combine all tested posters into one image, Figure 1 . In order to make the reader of this paper more aware of the AOIs, we use the red block diagram to mark them in Figure 1 , but in the eye tracking experiment, the red block diagram will not be displayed to participants. Moreover, we blurred the author and institutional information.
Participants
A total of 10 master in computer science students (male: 5, female: 5) from Tianjin University (Tianjin, China) participated in the eye tracking experiment. Their ages range from 22 to 28 years (average: 23.75, standard deviation: 1.5). All the participants can understand well English and have normal color vision. They had enough background to understand the posters, although they had not seen them before. Before the experiment, all participants signed a consent form.
Procedure
Equipment calibration was completed prior to the experiment. Then, the participants were instructed to view the poster as though they were reading papers as usual. These tested materials were presented for 60 s. Everyone was seated in an office chair, and asked to lean forward to rest his/her chin comfortably, with his/her head is 60 cm distant from the computer screen. During the eye tracking, there was no interaction between the operator and the participants. The posters were presented one after another. After the experiment, each participant was asked to review individually the poster once again and explain the core idea of the tested poster.
Apparatus and Site Setting
The SMI iViewETG2.7 eye tracker (Sensomotoric Instruments, Teltow, Germany) and BeGaze 3.7 software (Sensomotoric Instruments, Teltow, Germany) were utilised for data collection and for computing eye gaze metrics. The participants wore the eye tracker and looked at the high resolution (1920 × 1080) 24 inch LCD monitor that displayed the tested posters. The experiment was conducted in a quiet room. The curtains of the room were pulled to avoid uncontrollable light and reflection.
Data Collection
Eye movements were recorded with an SMI iViewETG2.7 eye tracking system. The raw video data was produced by the iViewETG2.7, and then video data was input to the eye tracking analysis software BeGaze 3.7 to edit AOIs, produce some visualizations (scanpath, heatmap and the bin charts of AOIs), and generate a series of fixations. Each fixation contains four parameters: the start time, the duration, and the X and Y position on the screen. The following analysis is based on this format of eye tracking data.
Results Analysis
Traditional Metrics
We first applied some traditional metrics and visualizations on the collected eye tracking data. These include: scanpaths with fixation count, heatmaps, bin charts, and the bin charts of AOIs. Since the limited space of this article, we just take participants 2 and 5, selected at random, as an example to present the result analysis for the convenience of display. Figure 4 shows the scanpaths of the tested posters from participant 2 and participant 5, respectively. The diameter of fixations, for all scanpaths, is set as 80 px = 500 ms. For the sake of space, in this section, we focus on only two participants and three posters based on the different number of AOIs to show the analysis of the results. Figure 4 left shows the scanpaths of participant 2; we can observe that the participant 2 is more focused on the result section of these posters because there are more fixations and duration in the image and table section. In contrast, the scanpaths of Figure 4 right of the participant 5 is free and more random. We can observe that this participant is not interested in the image and table area of the results section. Participant 5 is more focused on the overall reading and understanding.
Figures 5 and 6 present the heatmaps, from participant 2 and participant 5, respectively. Obviously, the result of the heatmap is similar to the result of the scanpath, as it is another representation of the same data. We can compare in Figures 5 and 6 the participants' attention distribution within the poster. Observe that ranges are not unified, thus the fixation times should be compared in Figure 4 . The heatmap of the participant 2 shows that the participant 2 is more focused on the result section of the posters. In contrast, the heat map of Figure 6 of the participant 5 is free and more discrete, and focused on the text. We can see that participant 5 is not interested in the image and table detail area of the posters. Figure 7 presents the bin charts of AOIs from participant 2 and participant 5, respectively. It shows the relative visual intake time of which AOI the observer falls on at each time. We can find that participant 2 prefers AOI 3 (results section) for posters 2 and 4, and AOI 5 (results section) for poster 7. The left bin charts show a large number of red areas for posters 2 and 4 (AOI 3) and blue areas for poster 7 (AOI 5), which are the AOIs corresponding to the result part in the test posters. Participant 5 is more focused too on AOI 3 for posters 2 and 4 (results section), as the red area from AOI bin chart is large in Figure 7 right, but it is focused on AOI 3 (method section) and AOI 6 (conclusions section) for poster 7 because the red area and cyan area from AOI bin chart is very large. This shows there can be individual differences between participants in reading the same poster. 
Entropy and Mutual Information in Gaze Information Channel
We consider each poster divided into content-dependent AOIs. As described in Section 4, we compute the entropy and mutual information of the gaze information channel to quantify cognitive comprehension for each participant.
Transition Matrices
In order to better understand the process of participant's eye movement, we first analyze the gaze transition matrix when the participant views the tested posters. Table 1 provides the transition matrix before normalization of three tested posters (posters 1,2,3, with 3 AOIs) for all participants. That is, we accumulate in a single matrix all the transitions by all participants for these three posters. It can be observed that there are about 1200 fixations in total in the transition matrix, and the numbers (bold gray value in table) on the diagonal of the transition matrix are larger. This is consistent with a common sense interpretation, as the participant, before shifting to another area, will explore the area it is in until he/she has an understanding of it. Thus, participants' cognitive process creates these transition matrix data shown in Table 1 . Similarly, Table 2 shows the transition matrix before normalization of three tested poster (posters 4,5,6, with four AOIs) by all participants. Here, we show first in Figure 8 the results for poster 7 for all participants and then we compare more finely for participants 2 and 5. Observe from Figure 8a that the AOIs more visited by all participants are AOI5 (results section), AOI6 (conclusions section), and AOI3 (method section), although the most visited area depends on the participant. The majority of participants prefer, or visit it often, AOI5 (results section), others AOI6 (conclusions section), and finally others AOI3 (method section). Figure 8b shows the main measures of the channel for each participant, some of them are similar for several participants, although from Figure 8c ,d, we can conclude that the exploration strategy can be in general different for each participant.
Next, Table 3 shows the transition probabilities of the participants 2 and 5 for the poster with more areas of interest, poster 7 with six AOIs. See Figure 9 for an illustration of the gaze channel for participant 5. Observe that, in Table 3 , the values of p ii are the highest transition probabilities, which is consistent with the above transition matrix analysis. This is similar to The tempest painting example presented in [44] . As observed before, this means that, before switching to another AOI, the observer firstly moves the gaze within the current AOI. As shown in Table 3 , we can clearly find that there is no direct transition between AOI 2 and AOI 6 when viewing the tested poster. The reason might be that the AOI 2 (introduction section of the poster) is far apart from AOI 6 (the conclusion section of the poster). Table 4 and Figure 10 show the values for the equilibrium distribution, H s , H t , H(Y|x), H(X, Y), I(X; Y) and I(x; Y), for the gaze information channel for participants 2 and 5. The gaze entropy H s is the entropy of the equilibrium distribution π, which indicates how frequently each AOI is visited. Note that currently in our gaze channel model, as in Markov chain model, we do not support fixation time, thus number of visits does not directly translate into spent time, although it can be considered as an approximation. From Table 4 and Figure 10 , we can find that the AOIs that the participants prefer, AOI 5 (results section) for participant 2, and AOI 3 (method section) and AOI 6 (conclusions section) for participant 5, have the larger equilibrium distribution π i value. This is consistent with Figure 7 charts for poster 7. A higher value of H s means that the participant visited more equally each AOI. A lower value of H s is obtained when the number of visits in each AOI is not balanced, possibly because the participant spent more time concentrated on a certain region. It can be seen from Table 4 and Figure 10 that the entropy H s of the participant 5 is greater than for the participant 2. This means that the participant 5 pays more attention to overall reading and spent time more equally among AOIs than the participant 2. This conclusion is consistent with the previous scanpath analysis from Figure 4 . AOI1 is the title section, AOI2 is the intro section, AOI3 is the method section, AOI4 is the algorithm section, AOI5 is the results section, and AOI6 is the conclusions section. Table 3 . Transition probability of tested poster 7 (with 6 AOIs) by participants 2 and 5. H t reflects the randomness of gaze transition among the different AOIs. Higher H t values mean that there are frequent transition among AOIs, while lower H t values indicate more careful observation of AOIs [44] . H(Y|i) measures the randomness of the gaze transfer from the i-th AOI. A lower value of H(Y|i) indicates that the observer is more clear about the next AOI in the following view. It may also represent that the i-th AOI provides the observer with significant clues to understand the test poster. From Table 4 and Figure 10 , we can find that, for participant 2, H(Y|1) has the highest value, which means that when in AOI1 (title section of the poster), the observer moves randomly (or evenly) towards any of the other neighbour AOIs. For participant 5, H(Y|2) has the highest value, which indicates that this participant moves evenly from AOI 2 (intro section) to any AOI of the poster. Moreover, we can also see that I(3; Y) has the lowest value, which represents that the information shared between AOI3 (method section) and all the AOIs is minimum. H(X, Y) = H s + H t measures the total uncertainty, or total randomness of fixations distribution and gaze transition. The lowest value of H(X, Y) is obtained when the participant 2 views the poster. Compared with the participant 5's scanpath in Figure 4 , the scanpath with lowest H(X, Y) has higher fixation length and less gaze transitions.
Observers
As expected, we can observe in Table 4 This indicates that next AOIs when leaving AOI4 (algorithm section) for the participant 2, and leaving AOI1 (title section) for participant 5, were well defined, as a high value of I(i; Y) means that the next AOI is known with high probability. This behavior can be re-confirmed in the corresponding scanpaths in Figure 4 . Furthermore, from Table 4 and Figure 10 we can see that participant 5 has the highest I(X; Y) value. Mutual information I(X; Y) expresses the degree of dependence between the AOIs. It might mean that participant 5 has a more precise strategy or more clues in exploring the tested poster. However, this is in apparent contradiction to the fact that total uncertainty of participant 5 is higher than for participant 2. To be able to compare the mutual information between the two participants, we should first normalize it. Several normalization proposals exist in the literature [54] . If we consider for instance the one defined in [47] as a correlation coefficient ρ =
, the value of ρ for participant 2 is 0.643, and for participant 5 is 0.644, practically the same. Thus, in this case, we can not discover any difference based on mutual information. The numerical values are found in Table 4 .
Averaging Results for All Posters and Participants
We can find in the Appendix the Tables A1-A6, Table A1 lists the mutual information I(X; Y) of all participants when they view all tested posters, the average value and standard deviation for each poster is given in the last two rows. It can be observed clearly that the MI values for tested poster 7 (with six AOIs) are much larger for all participants in general than for the other posters, which may indicate that the degree of dependence or correlation between AOIs of poster 7 is much stronger. We observe also that, although values of MI for different posters might be significantly different, the differences are reduced when considering the average MI value. These facts are confirmed looking at the normalized MI (see Tables A5 and A6) .
We have summarized Tables A1-A4 in Figures 11 and 12 . This allows readers to more intuitively observe the quantitative gaze collection of all participants. Figure 11 shows the stacked H t , H s , H(X, Y) and I(X; Y) in the gaze information channel from all participants when they view all tested posters. From the stacked H s and H t bar chart in Figure 11a , we see that, for every participant, the values of joint entropy H(X, Y) (marked in gray color) approximately equal the total of H s and H t . Their total is equal for each separated transition matrix, Figure 11 shows that using averages is a valid approach. The joint entropy H(X, Y) measures the total uncertainty, which gives the uncertainty when every participant views the tested poster. At the same time, we can find that the values of the conditional entropy or transfer entropy H t (given by the crimson color bar) are close for all participants. This phenomenon illustrates, for all participants, when they begin to reading the test poster, they always like to switch between the different AOIs to better understand the context of the poster. This is consistent with the property of H t which reflects the randomness of gaze transition among the different AOIs.
From the right stacked H t and I(X; Y) chart in Figure 11 , we can see that H s (as marked in blue color) is approximately equal to the H t plus I(X; Y) (see previous remark about totals). Mutual information (MI) I(X; Y) in gaze information channel represents the degree of dependence or correlation between the set of AOIs. Furthermore, H s , which is the entropy of the equilibrium distribution π, measures how much equally the AOIs have been visited. From the blue bars in Figure 11a , it is clear that the participants 3, 5, 8, 9 spent more balanced time in each AOI when they read the tested poster since their H s is larger compared with the participants 1, 7, 10. This means that the participants 1, 7, 10 possibly spent more time concentrated on certain regions of the tested poster. Figure 12 , we could consider the posters into three groups, the first one with poster 1, with the lowest value of H(X, Y) and H s , a second group with posters 2-6, with similar value of H(X, Y) and H s , and a third one with poster 7, with highest value of H(X, Y) and H s . Looking at Figure 1 , we observe that poster 1 has one AOI that does not practically include relevant information, AOI3, this explains the lower values for this poster, as this AOI will be mostly ignored by participants. On the other extreme, poster 7 with six areas of interest is the more complex of all them. It also has the highest mutual information, and also, from Tables A5 and A6, the highest normalized mutual information. It might mean that, although it is a more complex poster than the other ones, it is well structured and readers establish a coherent reading strategy. Looking now at Figure 12b , we can observe the differences between the posters in the second group, from 2 to 6. All of them have similar H s value, but, in poster 2, the distribution is different. For poster 2, the mutual information I(X; Y) is higher (and correspondingly the entropy H t is lower) than for posters 3-6. This is further checked by taking a look at Table A1 . It means that this poster is easier to read or to interpret than posters 3-6. It can also be seen from Table 5 , where we have classed the results of the explaining the core idea stage after the experiment into two groups: expressing the core ideas basically (called basic group), and saying only some keywords (called keywords group), Table 5 gives the participants from both groups for all tested posters. Although due to the low number of participants we can not draw any conclusive result, it seems that higher mutual information in posters 2 and 7 is related to a higher cognitive comprehension. It might work in an indirect way, that is, higher MI means more coherent exploration strategies that facilitate the comprehension of the poster.
Having a look at Figure 1 , we see that poster 2 contains just text in the middle AOI, being probably easier the flow from graphics to text and graphics again than in the other posters. In addition, we see that posters 4-6, although they contain four areas of interest, one of them contains very little relevant information to understand the posters, thus, although we should in principle expect more information and uncertainty with four areas than with three, the results are similar. Observe that, for the analysis of posters 2-6, we do not need to consider the normalized mutual information, as we had to do in Section 6.2.2, as we compare posters with similar values of H s . 
Discussion
We consider the information channel metrics as complementary to classic metrics for eye tracking. Actually, the information channel models the eye tracking process from an information theoretic perspective, extending the Markov chain model introduced by Krejtz et al. [44, 45] , and reviewed in [31] . The information channel interpretation of data communication has been successful in many areas of science, and specifically in visual computing, and we believe it also has a place in understanding eye tracking.
In particular, as already observed for Markov chain model, for stationary entropy H s and transition entropy H t , greater stationary entropy H s means that the participant visited more equally the AOIs, while higher transition entropy H t denotes more uncertainty and more frequent transition between AOIs. In terms of reading a poster, it can give information on the strategy of an observer. With only H s and H t , which are the metrics for the Markov channel, it is difficult to discriminate the behaviour of observers. Our model introduces the additional metrics H(X, Y), H(Y|x), I(X; Y), and I(x; Y), interpreted as the total uncertainty, the uncertainty from a given AOI, the total information shared between the AOIs, and the information shared between an AOI and all AOIs, respectively. For instance, observe from Figure 10 how we can clearly differentiate the behaviour of two observers, by using H(Y|x) and I(x; Y), and in less amount using H(X, Y), metrics that are only available once you extend the Markov chain model of eye tracking to gaze information channel.
The information channel paradigm also has the advantage of easily clustering or classification, see Tables A1-A4 , and its visualization in Figures 11 and 12 . Given a group of observers and a poster, the transition matrices in the information channels corresponding to one class can be averaged to obtain the information channel of the class, to help understand the behaviour of that class. However, we can also obtain the average of a single observer for the different posters, by averaging the measure values obtained. The averaged results give us hints about the behaviour of observers for poster reading, and the different difficulty of reading each poster for all the observers. We believe that, in addition to help understand the cognitive process of poster reading, clues can be gathered for improving the poster design.
One weak point of the information channel model for eye tracking trajectories is that, as in the Markov chain model, the channel depends on the AOIs defined, so that changing the areas of interest the information channel measures values change. This is the same situation encountered in [53] . However, changing AOIs does not need repeating the observations, but just recomputing to which AOI belong the hit points of gaze trajectories; thus, computing the channel for different configurations of AOIs could be straightforward. The criterion of maximizing mutual information I(X; Y) gain, or minimizing its loss, for optimal subdivision or clustering [53, 55] , could also be used in the gaze information channel. In this paper, we have used the sections of a poster, as defined by the poster authors, as AOIs, which we thus consider semantically meaningful, although the maximization of I(X; Y) could help further in the design of the poster sections.
Conclusions and Future Work
To find quantitative links between eye movements and cognitive comprehension, we tracked 10 observers' eye movements for reading published posters. We model eye tracking fixation sequences between content-dependent Areas of Interests (AOIs) as a Markov chain. Furthermore, we use the fact that an irreducible and aperiodic Markov chain is a special case of information or communication channel, where input and output are the same random variable, and equal to the equilibrium distribution. Thus, the gaze transition can be modeled as a discrete information channel, the gaze information channel. Next, some traditional eye tracking metrics, together with the gaze entropy and mutual information of the gaze information channel are calculated to quantify cognitive comprehension for every participant. As far as we know, this is the first study to use the eye tracking technology to assess cognitive comprehension when reading a scientific poster. The present work provides insights into quantitative cognitive comprehension. Although promising, there are limitations (such as a limited number of participants) to this paper that need to be addressed in continuing work. In the future, we will continue to explore the unique significance of human visual search patterns, which need to be paired with behavioral or cognitive metrics. As MI seems to be related to coherent strategies in reading a poster, we will check the difference in the gaze channel measurements for different poster design for the same content, similar to [33] . We will study the best division in AOIs, driven by the maximum transfer of information, or MI. We will also extend the information channel paradigm to the work of Ponsoda et al. [37] , that is, the Markov chain of gaze displacement directions will be extended to an information channel, as we have done here with the trajectories. In addition, our current gaze channel model does not support fixation time, thus although the number of visits given by the equilibrium distribution can be a rough approximation of spent time in each AOI, for a more complete analysis we plan to integrate the fixation time into the model. 
